Trends in online social media always reflect the collective attention of a vast number of individuals across the network. For example, Internet slang words can be ubiquitous because of social memes and online contagions in an extremely short period. From Weibo, a Twitter-like service in China, we find that the adoption of popular Internet slang words experiences two peaks in its temporal evolution, in which the former is relatively much lower than the latter. This interesting phenomenon in fact provides a decent window to disclose essential factors that drive the massive diffusion underlying trends in online social media. Specifically, the in-depth comparison between diffusions represented by different peaks suggests that more attention from the crowd at early stage of the propagation produces large-scale coverage, while the dominant participation of opinion leaders at the early stage just leads to popularity of small scope. Our results quantificationally challenge the conventional hypothesis of influentials. And the implications of these novel findings for marketing practice and influence maximization in social networks are also discussed.
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I. INTRODUCTION
For the ongoing growth of online social media, people are inundated with increasing various kinds of information in daily life. With each one being a social sensor, a vast number of individuals across the globe continually share news, statuses and sentiments through their online social networks. For instance, Twitter-like services help users instantly sense realworld events and spontaneously voice their opinions. And the online social interactions like retweet, reply, comment and mention would then boost the information propagation, spread different ideas and synchronize the collective attention of massive individuals, which might finally produce trends in online social media [7, 11] . That is to say, by replacing the traditional news portals and providing convenient channels for information exchange, online social media have fundamentally changed the diffusion patterns of social networks and brought about significant challenges to existing comprehensions. While at the same time, the big-data of behavioral records in online social media also provides an unprecedented chance to deeply investigate the detailed dynamics of diffusion in social networks from diverse perspectives.
In the previous study, much attention from multidisciplinary fields have been devoted to understand the mechanism underlying popularity trends. Particularly, inspecting the properties of collective attention and diffusion principles of novel items attract the main focus in recent decades. For example, hashtags in Twitter and its equivalents are frequently used to unravel the generation mechanism of social memes by comparing items that succeed or fail in making the social popularity [3, 9, 26, 29, 30] . Lehmann et al. [26] focus on tracks of hashtags in Twitter and identify discrete classes of hashtags by their popularity evolution over time. They also find that exogenous factors are more important rather than epidemic spreading in establishing hashtag popularity. Bao et al. [3] investigate the cumulative effect in information diffusion of Weibo and disclose that additional exposures cannot improve the probability of retweets. Meanwhile, tracking hot topics or emergent events is also an effective way to disclose the dynamics of collective attention or collective response [2] , which essentially drives the formation of trends or spikes [1, 2, 4, 5, 16, 19, 28, 33, 34, 39] . Romero et al. [33] study the mechanics of information diffusion by comparing the spread process across different topics on Twitter. Bauckhage et al. [5] investigate adoption patterns of 175 social media services and Web businesses using the data of Google Trends and unravel 2 that collective attention on almost all services experiences a phase of accelerated growth followed by saturation and prolonged decline. Two types of trending topics in Twitter are indemnified by Ferrara et al. [16] and those with global popularity come from the major air traffic hubs in US. Besides hashtags and topic tracking, the neologism is another window to reveal intrinsic factors in collective attention [6, 15, 35] . Swarup et al. [35] focus on linguistic innovation phase of lexical dynamics in social networks and find that the chance of existence of a norm is inversely related to innovation probability. Eisenstein et al. [15] conclude that the diffusion of neologisms is restricted to geographically compact areas and tend to spread from city to city. While the above studies mainly concentrate on temporal or spatial dynamics of trends in online social media and the discussion about roles of different users in the formation of popularity is missing. Hence it can be the first motivation of our study.
User influence or social capital [22] in social networks can be a convincing proxy to understand the successful diffusion of innovation ideas, neologisms and new products. The conventional diffusion theory states that a minority of people, called influentials, are generally considered as one of the most critical factors that affect information cascades [31] and the theory is also named as influentials hypothesis [37] . With the help of these influentials, a large-scale attention might be achieved at a extremely low cost [8, 12, 17, 18, 21, 23, 25, 36, 40] . Hence many previous studies focus on how to target influentials in social networks. Cha et al. [8] investigate the dynamics of user influence on time and topics based on three measures of indegree, retweets, and mentions. They find that most influentials can have great influence over a variety of topics. Kempe et al. [25] propose an influence propagation model to study the problem of targeting initial influential nodes. However, whether the traditional two-step flow theory [23] is applicable in online social networks is still a riddle. Besides, the role of influentials might be over-emphasized. For instance, Romero et al. [32] propose an algorithm which can determine users' influence and passivity according to their information forwarding activities and they demonstrate that high popularity do not always imply high influence. Domingos et al. [13] insist that the key factors of determining influence are respectively the relationship among ordinary users and the readiness of the social network to accept a novel item. More directly, Watts and Dodds [37, 38] challenge the influentials hypothesis and point out that social epidemics tend to be driven by a critical mass of easily influenced individuals. Harrigan et al. [20] also find that it is the community structure not hubs that 3 can substantially increase social contagion in Twitter. While measurable evidence from empirical data to carefully validate these controversial statements against the influentials assumption is still missing, which is the second motivation of our study. And the popularity can be simply quantified by the occurrence frequency in daily tweets of Weibo. It is surprising that we find all these hot neologisms experience two peaks in their adoption history, in which the first one is much lower than the second one. Three examples are shown in Figure 1 and this unexpected phenomenon does not draw attention in the previous study. In fact, two peaks indicate that in the life-cycle of each slang word, it possesses two opportunities to get the collective attention and then form a trend, and the first one fails but the second one succeeds. So the comparison of the diffusion represented by two peaks indeed offers us a decent window to understand how trends form in online social media. Specifically, the difference that differs the second peak from the first one is exactly the reason why it can obtain the collective attention and form a trend. Inspired by this finding, we try to figure out who actually create trends in online social media, the crowd constituted by ordinary users or opinion leaders with significant influence and great social capital. jorities, late majorities and laggards [31] . And among the five segments, early adopters are thought to be more critical than others [31] . So we can compare diffusions represented by two peaks of popularity in terms of the occupation of early adopters in each of them, since all tweets are randomly sampled from the stream.
II. RESULTS
Roles of individuals in diffusion can
For each slang word, we define its first popularity peak as p1 and the second peak as p2 and around these two peaks we can get two different diffusions, in which p1 represent the one with small-scale coverage while p2 represents the one with large-scale coverage.
Assume the popularity value of a peak is P , we intercept the interval between αP and βP (0 < |α| and |β| < 1) of the peak as [α, β], which is a specific stage of the diffusion that the peak stands for. As α < 0 and β < 0, the interval is defined in the left half section of the peak, which is the early stage of the diffusion. Contrarily, the laggard stage of the diffusion can be defined in the right half section of the peak as α > 0 and β > 0. While regarding to the user influence in online social networks, plenty of measures can be employed to reflect a user's significance to others in the network and among which, the number of followers (#Followers) is generally a convincing indicator. Because the number of followers a user possesses directly determines how many potential listeners in the first step as the user posts a tweet in which a new word is adopted. Supposing each individual participates in adoption with the same probability, then more followers apparently indicate more spreaders in the second step. Cha et al. [8] also find that accounts with large numbers of followers are the most retweeted users in Twitter. Moreover, Wu et al. [40] evaluate user influence from five use the cumulative probability function (CDF) of #Followers in early stages of different diffusions to determine the critical number of followers. As shown in Figure 3 that the CDF curve of p2 exceeds the curve of p1 for small #Followers. It again demonstrates the fact that ordinary users occupy greater proportion than opinion leaders for p2 and the point at which there is the greatest difference between these two CDF curves is the number we find. We define this number as a threshold and when users possess followers less than the threshold, their occupations of #Followers in two peaks show the most significant deviation. The thresholds from 42 slang words are plotted in Figure 4 and the median of the critical number of followers is 232 and the corresponding largest deviation of CDF is 0.17. It indicates that in the successful diffusion that p2 represents, the ordinary users with less than 232 followers occupy 0.17 higher prorogation than that in the failed diffusion represented by p1. Note that the threshold we find here is close to Dunbar's number [14] , which comes from the constrain of human cognition and still exists in online social networks [41] . It is in agreement with the existing hypothesis that a global trend is beginning from many small-scale trends and the population number of an efficient group launching small-scale trends shall be less than Dunbar's number [18] . And our findings also empirically testify the conjecture that the relationship among ordinary users is one of the key factors in determining influence [13, 37] .
Although the opinion leaders are important in starting the spread, but without enough participation of the crowd, the diffusion would probably fail in creating popular tends in online social media.
The opinion leaders with great numbers of followers are always verified as VIPs by Weibo.
As can be seen in Figure 5 , our further exploration shows that in both early stages of [−0.1, −0.3] and [−0.1, −0.5], the proportion of verified participants in diffusion represented by p1 is higher than that in the diffusion represented by p2. Specifically, the ratio between the verified user and the non-verified user is about 3 : 7 in the small-scale diffusion with p1, while the ratio decreased to less than 2 : 8 in the successful diffusion with p2. The fact suggests that in the process of a neologism becoming popular, non-verified users, which are almost ordinary users, play a decisive role in determining whether the phrase can attract the collective attention.
Information diffuses in online social media mainly through retweet, which forwards the information from one user to its friends in the social network, especially in Twitter and its variants. As for opinion leaders in Weibo, because of larger numbers of followers, their tweets could possess much more first-step retweets than that of the crowd whose followers are less.
However, only first-step retweets cannot propagate the information further in the network and second-time retweets play non-negligible roles in boosting the information spread. We compare the proportions of users with different retweet times in early stages of the diffusion and as can be seen in Figure 6 , users with two-times retweets take higher occupation in the early stage of p2, which represents the successful diffusion. While the domination of one-time retweets in p1 does not make the diffusion reach high popularity. Though the forwarding of influentials might promote information to more followers at the first step, the repeat participation of the large amount of ordinary users can effectively facilitate the formation of trends.
Except the temporal dynamics, information also diffuses geographically in social networks, as found in [17] that neologisms tend to spread from city to city. So we also investigate the difference of geographical distribution of slang words' adopters in different stages of different diffusions. As shown in Figure 7 , for the early adoption stage of [−0.1, −0.5], hot regions like Beijing (BJ), Guangdong (GD) and Shanghai(SH) occupy more users in the small-scale diffusion represented by p1 than that of the large-scale diffusion represented by p2. Specifically, the information entropy of the geographical distribution of early adopters is 4.26 for p1 but 4.46 for p2, which implies that early participants of the successful diffusion with p2 distribute more uniform across the country. It indicates that for the diffusion of p1, slang words are just local popular phrases and the opinion leaders from hot regions only produce the diffusion of limited coverage. We can also learn from Figure 7 that even for In summary, it is concluded that solid evidence from the in-depth comparison of two diffusions in the slang word adoption suggests an unexpected role of the crowd in creating trends. Different from the previous focus on influentials of social networks, we find the participation of ordinary users at the early stage can help the formation of trends in online social media.
III. DISCUSSION
Rapid growth of online social media in recent decades makes the online social network be the dominating channel for information exchange. For instance, Weibo in China has accumulated more than 500 million users in less than five years and it generates around 100 million tweets every day. These tweets deliver sophisticated signals of the real world, including personal statuses, public news, different opinions and diverse sentiments. Meanwhile, new items like events or neologisms might get the collective attention of massive individuals and form trends in extremely short period, which can be reflected through peaks in the popularity.
Different from existing studies, in this paper we focus on long-term analysis of the popularity variation and find there are two peaks in the life-cycle of Internet slang words of 2013.
Specifically, the first peak is lower than the second one and these two peaks can represent different diffusions of the same word, in which the former only reaches a small scope while the latter spreads globally across the network. Because of this, comparison of these two different diffusions could provide a decent window to investigate who creates trends, the crowd constituted by ordinary people or opinion leaders with great influence. Out of expectation, our results suggest that in online social media, the crowd play a decisive role at early stage of creating the trend, while the domination of opinion leaders in early adopters only produces a small-scale coverage. Contrary to the influentials hypothesis, opinion leaders can start a diffusion locally but only the participation of ordinary users can boost the spread to broad coverage and finally form a trend.
Our findings shed further insights into classical questions like viral marketing [21, 27] and influence maximization [10, 24] in social networks. The typical solution to these questions in the previous literature is mining the influentials to seed a diffusion. While results in this work suggest that more attention should be paid to the participation of ordinary users with followers less than 232 at the early stage. Given the definition of Dunbar's number, ordinary users in online social media usually stand for individuals capable of normal social interactions within the limit of human cognition ability. That is to say, online interactions between ordinary users and their behaviors are more reliable and diffusive than that of opinion leaders, who are always overwhelmed by too many social ties and act like inefficient hubs [20] . Because of this, focus on influential users only create a local and limited coverage, while attraction of the crowd could generate a massive diffusion with global coverage.
This study has important limitations. In comparison of different diffusions represented by different peaks, we mainly focus on the occupations of the crowd and opinion leaders.
While the intrinsic factors that drive the crowd to participate in the adoption of slang words is not fully investigated. For example, it might be related to the slang word itself, pushed by the exogenous events or determined by the living environment (about one third of the first peaks happened on the May Day holiday, indicating that people are more likely to take part into the diffusion at leisure and comfortable time). In fact, Sasahara [34] even suggest that strong collective attention is accompanied by cascade of retweets and can be more related to the mood of users at the group level. Hence filtering out the essential factors underlying the participation of the crowd deserves further explorations in the future, which would help design appropriate strategy to attract adoption of the crowd at the early stage in reality. 
IV. MATERIALS AND METHODS
Data sets
Identify peaks
We assume that the day with the highest popularity is where the second peak p2 locates and its popularity can be denoted as P 2 . Then we search sequentially in the range between the date with popularity 0.01P 2 (in the left side of p2) and the starting date 12 and the date with highest popularity in this range is selected as the first peak p1.
